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Abstract
Liquid-chromatography coupled with high-resolution mass spectrometry (LC-HRMS) has become a
workhorse in global metabolomics studies with growing applications across biomedical and
environmental sciences. However, outstanding bioinformatics challenges in terms of data processing,
statistical analysis and functional interpretation remain critical barriers to the wider adoption of this
technology. To help the user community overcome these barriers, we have made major updates to the
well-established MetaboAnalyst platform (www.metaboanalyst.ca). This protocol is part four of four and
provides stepwise instructions on how to use MetaboAnalyst to conduct exploratory statistical analysis
with complex metadata.

Introduction
Please see the “Using MetaboAnalyst 5.0 Part I: Optimizing parameters for LC-HRMS spectra processing”
protocol for more general background information.

Statistical analysis with complex metadata

Metadata describes the data, and contains details on the experimental conditions, sample sources (i.e.,
species, tissue), and sample collection (i.e., location, time), etc. Such metadata are critical for data
interpretation, allowing researchers to analyze the data with respect to their biological and environmental
context, and for data re-use, allowing other researchers to search for, and meaningfully compare and
potentially integrate, results from across diverse studies. Details on the context and sample source are
becoming increasingly important as observational studies that collect omics data from human
populations or animals outside laboratory settings are becoming more common48. In these cases, there is
typically a primary variable of interest, such as presence/absence of a certain disease or exposure to a
speci�c chemical, as well as variables such as age, sex, or other potential factors that co-vary with the
primary metadata. Statistical analyses that take these covariates into account can lead to substantial
increases in power and draw more robust conclusions about the relationships between the primary
variable and the omics data 49,50.

Reagents

Equipment
Computer requirements

http://www.metaboanalyst.ca/
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·     Browser requirements: MetaboAnalyst 5.0 runs on all modern web browsers. For the best results, we
recommend Google Chrome 92+, Firefox 92+, Safari 12+, and Microsoft Edge v93+. JavaScript must be
enabled in your browser.

·     Internet connection requirements: A fast connection is highly recommended.

·     Hardware requirements: >4 GB of RAM and a screen resolution of at least 1200 x 800 is preferred. At
least 8 GB hard drive space is needed to store the raw spectra �les.

Data �les

·     Input Files. MetaboAnalyst accepts multiple data formats for different modules. For raw spectral
processing, the supported data formats include mzML, mzXML, mzData and NetCDF, while other modules
usually require comma-separated values (.csv) or tab delimited (.txt) �le format.

·     Example Datasets. Multiple built-in example datasets are offered in each MetaboAnalyst module.
Users can simply choose an example dataset and click the ‘Submit’ button to start exploring the tool. Six
datasets are used in this protocol:

1)   A raw spectra data (malaria_raw.zip) consisting of 12 plasma samples from healthy and malaria
semi-immune subjects along with 3 Quality Controls (QC) 53.

2)   A feature table (malaria_feature_table.csv) generated from processing the above raw spectra for
functional analysis.

3)   A gene list (integ_genes_1.txt) and a compound list (integ_cmpds.txt) to demonstrate the integration
of targeted metabolomics data with transcriptomics data.

4)   A gene list (integ_genes_2.txt) and a peak list (integ_peaks.txt) to demonstrate the integration of
global metabolomics data with transcriptomics data.

5)   Three peak intensity tables (A1_pos.csv, B1_pos.csv, C1_pos.csv) from global metabolomics studies
of serum samples from COVID-19 patients to demonstrate the integration of multiple global
metabolomics datasets54.

6)   A feature table (TCE_feature_table.csv) and its associated metadata table (TCE_metadata.csv) from
an exposomics study on metabolic changes associated with occupational exposure to trichloroethylene
(TCE) 55.

Equipment Setup
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(Optional) Download the example datasets. Go to the MetaboAnalyst home page and click ‘Data Formats’
link from the left panel. Users can download all the example datasets used in the protocol. These
datasets are also available as built-in examples in each corresponding module. Users can directly select
those datasets and follow the protocols without downloading and uploading them.

Procedure
Stage 4: Analyzing metabolomics data with complex metadata (Timing 20 ~ 30min)

46. Starting up. Go to the MetaboAnalyst home page and select the 'Click here to start' button to enter the
Modules Overview page.

47. Locate the ‘Statistical Analysis [metadata table]’ module at the bottom row. Click the module name to
enter the data upload page.

48. Data upload. Metabolomics data and its associated metadata should be uploaded as two separate
�les. Users can upload the downloaded �les (TCE_feature_table.csv and TCE_metadata.csv). They are
also available as the 2nd example dataset. In this case, select this example and click “Submit”.

49. Missing value estimation. On the “Data Integrity Check”, click “Missing Values” at the middle bottom.
This dataset has lots of missing values, so uncheck the top box to avoid �ltering out many of the
metabolites and then click “Process”. Click “Proceed”.

50. Metadata checking. The “Metadata check” page is essential for downstream statistical analysis.
MetaboAnalyst estimates whether each metadata is continuous or categorical based on the presence of
strings and the number of replicates for each value. Looking at the metadata table, we see that
MetaboAnalyst has correctly classi�ed all variables as categorical except for exposure concentration,
age, and BMI. The “Status” column shows that all variables pass QA/QC.

Critical step: you should always review the automatic metadata classi�cations to see whether
MetaboAnalyst has assigned the correct type. Proceeding with incorrect metadata types can greatly
impact the downstream steps.
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Troubleshooting

51. By default, order of groups will be shown alphabetically. This may not be ideal. For instance, “Low”,
“Moderate”, and “High” will be shown as “High”, “Low” and “Moderate” by default. To address this issue,
we have added support to allow users to further specify the order for categorical metadata with
meaningful order information. Click the “Edit” link for “TCE_Exp_Category” and, in the “Order (factor-
level)” tab, change the order to be “Low”, “Moderate”, and then “High”.

Critical step: it is highly recommended to manually assign “order” to those variables that have an inherent
order (i.e., low, medium, high) using the “Edit” link. This could often lead to more accurate and
interpretable results.

52. For �ltering, leave the default selected and click “Submit” and then “Proceed”.

53. On the normalization page, select “Normalization by median”, “Log transformation”, and “Auto
scaling” according to the practice of the original publication 55. Click “Normalize” and then “Proceed”.

Tip: Users are advised to �rst check if data is already normalized by visualization. For unnormalized data,
start with simple methods (such as log transformation) and gradually introduce more if necessary.
Although there is no hard rules in deciding the optimal combination, the data itself can often give some
hints – including clustering patterns of QC samples, presence of batch effects, etc.

54. Metadata overview. Click on the “Metadata Overview” link to compute relationships between
metadata variables and visualize them in a heatmap. From the heatmap automatically generated with
default parameters (Figure 1A), we can see that the two TCE exposure variables (TCE_Exp_Category and
TCE_Exp_Conc) are clustered together and appear to have very similar distributions. This makes sense
since one is a derivative of the other. Sex, smoking status, and alcohol use are clustered together, as are
age and BMI.

Critical step: Understanding the metadata structure is important for downstream analysis, as including
multiple, correlated variables in a multivariate regression model can lead to parameter instability. This is
not necessarily an issue, but it is something to be aware of before constructing the model and interpreting
the results.
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55. Principal components analysis. Next, we will use PCA to investigate general patterns between the
metabolomics data and selected metadata of interest. Click the “iPCA” link in the panel on the left side of
the screen, underneath the “Multi-factors” heading. By default, the scores plot will be annotated with the
�rst two metadata. Examine the separation of samples with respect to each metadata by repeatedly
changing the “Colour based on” dropdown and clicking “Update”. Of all the metadata, the “Batch”
metadata corresponds to clear and obvious sample separation along PC2 and PC3 (Figure 1B).

Tip: PCA can effectively summarizes the overall patterns of variations. PCA combined with highlighting
can quickly help identify main patterns if present in the data. Heatmap is another effective visualization
methods by providing detailed feature-level variations. Heatmap with clustering can complement PCA to
provide a more holistic data overview.

56. Differential analysis with covariate adjustment. Click the “Linear Model” link in the left navigation
panel. First, we choose the primary metadata variable to include in the model. We are most interested in
metabolites associated with TCE exposure and choose the continuous concentration version rather than
the derived categorical version.

Critical Step: It is very important to leave the other TCE variable out of the model – since these two
variables are highly correlated, including both will add very little new information and will lead to unstable
model coe�cients that are di�cult to interpret.

57. Next, we decide which covariates to adjust for by including them in the model. Ideally, if we had an
extremely large sample size, we would add all additional covariates to the model. However, as the number
of variables increases, the statistical power decreases. For this reason, we will add Sex, Age, and Batch to
the model while leaving out the variables that they are correlated with (alcohol use, smoking status, and
BMI). If we had a much lower sample size (i.e., n = 30) and therefore were choosing a single covariate to
adjust for, we would pick Batch, since this had the most noticeable association with the metabolomics
data in the PCA plot (See Figure 2 for more details on covariate adjustment).

58. Leave the rest of the parameters as defaults and click “Submit”. Note that there is no reference group
because our primary variable is continuous.

59. Exploration of the covariate adjustment results. The pop-up message tells us that, after covariate
adjustment, there are 333 metabolites with a p-value < 0.05. As shown in Figure 3, adjusting for the
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covariates improved the signi�cance of the TCE coe�cient for many metabolites, ultimately increasing
the number past the threshold from 216 to 333.

60. Click on individual metabolites to see their values across all samples, annotated by the metadata of
choice. The PCA plots showed that the main covariate associated with metabolite variation is Batch,
which has 13 levels. With so many groups, it is di�cult to visually identify how adjusting for the
covariates changes the p-values for individual features. This would be easier to visualize where a
covariate like sex had more in�uence.

Troubleshooting

61. Click on the table icon on the top-right of the plot to enter the Feature Details View page. The �rst
column (after the Name column) shows the coe�cient(s) in the linear model associated with the primary
metadata. In the case of a continuous variable, the sign of the coe�cient shows whether there is a
positive or negative association between the primary metadata and that feature, and the magnitude is an
indication of effect size. For a categorial metadata, the sign shows whether that metabolite has lower or
higher levels in the given metadata group, in comparison to the reference group. Click the “View” button to
visualize their distributions regarding different metadata.

62. Random Forest Classi�cation. Select “Random Forest” under the “Multi-factors” heading on the left
navigation panel. We will try to build a model to predict whether a worker is exposed or not using the
random forest method. Select the “TCE_Exp_Category” from the primary metadata dropdown and click
“Update”. The result shows that the algorithm can accurately predict the “Low” category (94/95, error rate:
0.01), followed by “High” (error rate: 0.29) and “Moderate” (error rate: 0.69). The result is not surprising as
“Low” and “High” are two extremes with clear phenotypes, while the “Moderate” tends to be moderated by
individual differences in metabolism.

63. In exposomics studies, a common objective is to distinguish exposed from non-exposed. We would
like to test the performance for such binary classi�cation task. Click the “Metadata check” on the
navigation tree to return to the corresponding page. Click the ‘Edit’ link for “TCE_Exp_Category”. On the
dialog, select “Edit (factor-level)” tab. Update the labels - “Not_exposed” for “Low”, and “Exposed” for both
“High” and “Moderate”. Click “Update”. A new metadata will be created appearing at the bottom of the
metadata table. Click “Skip to Analysis” to the analysis page. Select “Random Forest” to enter the
previous page. In this case, choose the new metadata, and Click “Submit”.
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64. The model is able to correctly classify most workers this time! Note that these are only the training
results, and the model would need to be tested with additional data to properly validate it. Click the “Var.
Importance” tab to see the top features in the model. In addition, users can explore whether including
some metadata such as age or sex could improve the prediction.

65. Result Download. Click the ‘Download’ node from the navigation tree. On the download page, click
“Generate Report” to create a PDF report summarizing the analysis. Download the results and analysis
report. Click Exit to �nalize the analysis.

Troubleshooting

Time Taken

Anticipated Results
Covariate adjustment results in 333 signi�cant features after adjusting for sex, age, and batch. The main
�gure showing the impact of covariate adjustment can be downloaded in high resolution by clicking the
paint icon to the top right of the interactive scatterplot. Statistical results of the covariate adjustment is
saved in the “covariate_result.csv” �le. The Random Forest method correctly classi�es about 99% of non-
exposed workers and about 88% of exposed workers (results will vary slightly each time due to use of
random numbers). More detailed results are in the “randomforests_sigfeatures.csv” �le.
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